The objectives of this research were to compare variance components, genetic 11 parameters, prediction accuracies, and ranking of animals for 305-day milk yield (MY) and 12 305-day fat yield (FY) using a polygenic and three genomic-polygenic models in a Thai 13 multibreed dairy population. The genomic-polygenic models utilized 7,656 SNP (GM7K) were similar. They were also the highest, followed by those from GM7K, and the lowest 22 were those from the polygenic model. Correlations estimates between MY and FY were 23 similar across models. Different MY and FY EBV rankings existed across models. The 24 highest rank correlations were those between rankings from GM80K-FI and GM80K-FH. 25
Introduction 38
The availability of thousands of genotypes across the genome has provided valuable 39 information for the characterization and evaluation of livestock animals. Genomic 40 evaluations that utilize pedigree, phenotypes, and genotypes have increased accuracies of 41 prediction and rates of genetic progress in animal breeding programs (VanRaden et al., 42 2009; de Roos et al., 2011) . Currently, genomic evaluation is widely utilized in the 43 livestock industry, especially in dairy cattle (Schenkel et al., 2009; VanRaden et al., 2009; 44 de Roos et al., 2011; Wiggans et al., 2011) . Conversely, dairy cattle in Thailand are 45 genetically evaluated using only pedigree and phenotypic information. The main trait of 46 the Thai genetic evaluation is milk yield, the most important trait economically for Thai 47 dairy producers. To improve the accuracy of genetic evaluation and speed up selection 48 response for milk yield, fat yield, and other dairy traits, a national project for the 49 development of a national genomic-polygenic evaluation system in Thailand was started in 50 2012 (Koonawootrittriron et al., 2012) . 51
Utilization of high density genotypic data can increase the effectiveness of genomic 52 evaluation (VanRaden et al., 2011; Mulder et al., 2012) . However, budgetary restrictions 53 determined that only a fraction of animals in the Thai genomic-polygenic evaluation project 54 would be genotyped with a high-density chip, whereas the rest would be genotyped with 55 cheaper lower density chips, followed by imputation from the low density chips to the high 56 7
Estimates of variance and covariance components for MY and FY were obtained 129 using a bivariate polygenic model and three bivariate single-step genomic-polygenic 130 models (Aguilar et al., 2010) , namely: 1) GM7K model that used pedigree, phenotypes, and 131 SNP set 1 genotypes, 2) GM80K-FI model that used pedigree, phenotypes, and SNP set 2 132 genotypes, and 3) GM80K-FH model that used pedigree, phenotype, SNP set 3 genotypes. 133
Fixed effects for the polygenic model and genomic-polygenic models included 134 contemporary group (herd-year-season), calving age, and heterosis (as a function of 135
Holstein-Other Breeds heterozygosity, i.e., as a function of the probability of having an 136 allele from Holstein and an allele from Other Breeds in 1 locus). Random effects were 137 animal additive genetic and residual. The mean for random effects was assumed to be zero 138 in all models. The variance-covariance matrix among additive genetic effects for the 139 polygenic model was equal to * 2 , where was the additive relationship matrix among 140 all animals in the population, "*" was the Kronecker product, and 2 was the additive 141 genetic variance. The variance-covariance matrix among additive genetic effects for all 142 genomic-polygenic models was equal to: 143 where 11 was the additive relationship submatrix among all non-genotyped animals, 12 145 was the additive relationship submatrix among non-genotyped and genotyped animals, 146 22 −1 was inverse of the additive relationship submatrix for genotyped animals, 22 was the 147 matrix of genomic relationships for genotyped animals (VanRaden, 2008; Aguilar et al., 148 2010) . Matrix 22 was computed as ′ 2 ∑ (1 − ) ⁄ , where = frequency of allele 2 149 in locus j in the Thai dairy population, = (0 − 2 ) for genotype = 11 in locus j, = 150
(1 − 2 ) for genotype = 12 or 21 in locus j, and = (2 − 2 ) for genotype = 22 in 151 8 locus j. Matrix 22 was scaled based on matrix 22 using the default rule of program 152 PREGSF90 from the BLUPF90 family programs (Misztal et al., 2002) , i.e., that the mean of 153 the diagonal elements of 22 = mean of the diagonal elements of 22 , and that the mean of the 154 off-diagonal elements of 22 = mean of the off-diagonal elements of 22 . 155
The BLUPF90 family programs (Misztal et al., 2002) 
Prediction accuracies and animals rankings 172
Animal EBV for MY and FY were computed using the polygenic and the three 173 genomic-polygenic models (GM7K, GM80K-FI, and GM80K-FH). Prediction accuracies9 for each EBV was obtained as√1 − 2 , where was the prediction error variance. 175
Rankings of animal EBV for MY and FY were compared using Spearman's rank 176 correlations using the CORR procedure of SAS (SAS, 2003) . Rank correlations were 177 computed for each trait for all animals in the population, only sires (top 5%, 15%, 25%, and 178 all sires), and only cows (top 5%, 15%, 25%, and all cows). 179 180 3. Results and discussion 181
Variance components and genetic parameters 182
The scaling strategy used for matrix 22 worked well for the Thai population. The 183 statistics of the diagonal and off-diagonal elements of matrices 22 and matrices 22 for the 184 GM7K, GM80K-FI, and GM80K-FH models indicated that these two matrices were similar 185 (Table 1 ). In particular, the means of their diagonal elements were all equal to 1 and the 186 mean of their off-diagonal elements were equal to zero, ensuring that estimates of variance 187 components and genetic parameters as well as additive genetic predictions from genomic-188 polygenic models would be unbiased (Chen et al., 2011; Forni et al., 2011; Simeone et al., 189 2012) . 190
Estimates of variances and covariances for MY and FY from the polygenic model 191 and the three genomic-polygenic models are shown in Table 2 for additive genetic effects, 192 in Table 3 for environmental effects, and in Table 4 variances and covariances for all genomic-polygenic models were lower (2% for GM7K, 198 7% for GM80K-FI and 7% for GM80K-FH) than those from the polygenic model. These 199 results indicated that the inclusion of genotypes in addition to pedigree and phenotypes in 200 genomic-polygenic models accounted for substantially larger amounts of additive genetic 201 variation than by using only pedigree and phenotypic information in the polygenic model. 202
Similarly, additive genetic variances and covariances were larger for the GM80K-FI 203 (29%) and GM80K-FH (29%) models than for the GM7K model, whereas environmental 204 variances and covariances were lower for the GM80K-FI (6%) and GM80K-FH (6%) 205 models than for the GM7K model. This indicated that the additional SNP used by the 206 GM80K-FI (74,144 SNP) and GM80K-FH (73,600 SNP) models explained nearly 30% 207 more additive genetic variation for MY and FY than that accounted for by the 7,656 SNP in 208 the GM7K model. 209
Variance and covariance components for MY and FY obtained with the GM80K-FI 210 and GM80K-FH models were nearly identical, except for the additive genetic variance for 211 FY (229.9 kg 2 for GM80K-FI and 196.1 kg 2 for GM80K-FH; Table 2 ). The additive 212 genetic variance for FY computed with the GM80K-FI model was 17% higher than the 213 estimate from GM80K-FH. This higher value may have been due to the larger SNP 214 markers were used in GM80K-FI (n = 74,144) than GM80K-FH (n = 73,600). Perhaps the 215 imputed SNP genotypes from FImpute managed to extract additional additive genetic 216 variability for FY beyond that uncovered by the set of imputed SNP from Findhap. 217 Table 5 shows estimates of heritabilities and correlations for MY and FY obtained 218 using the polygenic model and the three genomic-polygenic models (GM7K, GM80K-FI, 219 and GM80K-FH). The heritabilities form the polygenic model were the lowest for both 220 MY (0.15) and FY (0.14). Heritabilities estimates for MY tended to increase with the 221 number of SNP included in the model (from 0.19 for GM7K to 0.26 for GM80K-FI and 222 GM80K-FH). This trend was less noticeable for FY, where heritabilities increased from 223 0.15 for GM7K to 0.18 for GM80K-FI and 0.16 for GM80K-FH. Heritability estimates for 224 MY and FY from the GM80K-FI and GM80K-FH models were on the average 25% higher 225 than estimates from the GM7K model, and 47% higher than estimates from the polygenic 226 model. This indicated that genomic-polygenic models likely accounted for additive genetic 227 relationships among animals in the Thai population more accurately resulting in higher 228 additive genetic variances and heritabilities than those from polygenic models. Nearly 229 identical environmental and phenotypic correlations were obtained across models, but 230 estimates of genetic correlations between MY and FY using the polygenic and GM80K-FH 231 models were slightly higher than estimates computed using the GM7K and GM80K-FI 232 models. The similarity of correlations estimates between MY and FY among the four 233 models indicated that all models accounted for correlations between these two traits to a 234 similar extent. 235
The heritabilities estimated here for MY and FY with all models were somewhat 236 lower than those estimated in various Thai multibreed populations using polygenic models 237 The GM80K-FI and GM80K-FH models had the highest EBV accuracies (average of 267 38.8% for MY and 32.5% for FY), GM7K model was second (36.7% for MY, and 31.4% 268 for FY), and the least accurate was the polygenic model (31.5% for MY, and 24.4% for13 FY). Gains in EBV accuracies were 5.2% between the polygenic and the GM7K models 270 and 7.2% between the polygenic and the GM80K-FI and GM80K-FH models. The 271 increase in EBV accuracy between the low density GM7K and the high density GM80K-FI 272 and GM80K-FH models was only 2%. This indicated that a strategy to keep genotyping 273 costs reasonably low in this population would be to genotype animals that are highly 274 connected in the population (i.e., most sires and some dams) with high density chips, and 275 use low density chips with the rest of the population. (2011) also indicated that prediction accuracies were found to be more affected by numbers 300 of genotyped animals than number of SNP markers. Thus, prediction accuracies will 301 continue to increase as numbers of genotyped animals increase over time. As mentioned 302 above, genotyping costs could be kept low if only highly related animals were genotyped 303 with high density chips (mostly sires) and the remaining animals (mostly cows) were 304 genotyped with low density chips and subsequently imputed to a high density chip. 305 306
Ranking of animals from polygenic and three genomic-polygenic models 307
Spearman rank correlations between rankings of all animal EBV from the polygenic 308 model and the three genomic-polygenic models ranged from 0.80 to 0.96 for MY and 0.80 309 to 0.93 for FY (Table 6 ). Rankings between animal EBV from GM80K-FI and GM80K-310 were also computed for sires only (top 5%, 15%, 25%, and all sires; Table 7 ) and for cows 318 only (top 5%, 15%, 25%, and all cows; Table 8 ). The lowest rank correlations were those 319 for the top 5% of sires and cows. Rank correlations for the top 5% of sires ranged from 320 0.50 between the polygenic and GM7K models to 0.87 between GM80K-FI and GM80K-321 As expected, sires and cows in the top 5%, 15%, and 25% differed across models. 338
Percentages of animals in common in the top 5%, 15%, and 25% for pairs of models are 339 shown in Table 7 for sires and in Table 8 for cows. Most percentages of animals in 340 16 common in the top 5%, 15%, and 25% between pairs of models were higher for EBV 341 rankings for MY and FY from models using high density chips (GM80K-FI and GM80K-342 FH), followed by percentages of animals in common between EBV from the model using 343 the low density (GM7K) and the models using a high density chip (GM80K-FI and 344 GM80K-FH), and lastly by percentages of animals in common between EBV from the 345 polygenic model and all genomic-polygenic models (GM7K, GM80K-FI, and GM80K-346 FH). As an illustration, consider the top 5% for MY. The highest percentages of animals 347 in common across models in the top 5% for MY occurred between rankings from GM80K-348 FI and GM80K-FH (87% of sires; 89% of cows), followed by percentages of animals in 349 common between GM7K and the high density genomic-polygenic models (76% to 79% for 350 sires; 74% to 75% for cows). The lowest percentages of animals in common in the top 5% 351 for MY occurred between the polygenic model and all genomic-polygenic models (71% to 352 74% for sires; 66% to 69% for cows). Considering the similarity between the GM80K-FI 353 and GM80K-FH in terms of their estimates of genetic variances, heritabilities, and 354 prediction accuracies for MY and FY, either one of these models would be suitable for 355 genetic evaluation in this Thai multibreed population. 356 357
Conclusions 358
Estimates of additive genetic variances, heritabilities, and prediction accuracies for 359 MY and FY from genomic-polygenic models were higher than those from the polygenic 360 model. Additive genetic variances, heritabilities, and prediction accuracies tended to 361 increase as the number of SNP increased. Animal rankings from high density genomic-362 polygenic models should be preferred because they were based on EBV of higher accuracy 363 than the polygenic and low density genomic-polygenic model. Faster selection responses 364 17 for MY and FY would be expected from high density genomic models. FImpute and 365
Findhap performed similarly, thus either program would be appropriate for the Thai 366 multibreed population. 367 368
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